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Abstract
Network-based analysis is indispensable in analyzing high throughput biological data. Based on
the assumption that the variation of gene interactions under given biological conditions could be
better interpreted in the context of a large-scale and wide variety of developmental, tissue, and
disease, we leverage the large quantity of publicly-available transcriptomic data > 40,000 HG
U133A Affymetrix microarray chips stored in ArrayExpress (http://www.ebi.ac.uk/arrayexpress/)
using MetaOmGraph (http://metnet.vrac.iastate.edu/MetNet_MetaOmGraph.htm). From this data,
18,637 chips encompassing over 500 experiments containing high quality data (18637Hu-dataset)
were used to create a globally stable gene co-expression network (18637Hu-co-expression-
network). Regulons, groups of highly and consistently co-expressed genes, were obtained by
partitioning the 18637Hu-co-expression-network using an MCL clustering algorithm. The regulon
were demonstrated to be statistically significant using a gene ontology (GO) term
overrepresentation test combined with evaluation of the effects of gene permutations. The
regulons include approximately 12% of human genes, interconnected by 31,471 correlations. All
network data and metadata is publically available (http://metnet.vrac.iastate.edu/
MetNet_MetaOmGraph.htm). Text mining of these metadata, GO term overrepresentation
analysis, and statistical analysis of transcriptomic experiments across multiple environmental,
tissue, and disease conditions, has revealed novel fingerprints distinguishing central nervous
system (CNS)-related conditions. This study demonstrates the value of mega-scale network-based
analysis for biologists to further refine transcriptomic data derived from a particular condition, to
study the global relationships between genes and diseases, and to develop hypotheses that can
inform future research.
Introduction
Gene transcripts with a similar pattern of accumulation across a vast array of organs, cell
lines, environmental stimuli, diseases, and genetic conditions are likely to encode proteins
that function in a common process, or are regulated by common transcriptional factors.
Thus, analysis of transcriptomic data from multiple experiments provides a powerful avenue
for identifying prevailing cellular processes, assigning postulated functions to unknown
genes, and associating genes with particular biological processes [1–3]. Furthermore,
analysis of the network derived from such data can reveal topological properties of the
biological system as a whole [4–6].
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Human gene co-expression networks to date have been constructed from a relatively small
number of representative microarray experiments to achieve particular biological aims. For
example, in order to identify genes that might provide useful markers for distinguishing
among cancers, Choi et al. [7] analyzed data from ~600 microarray chips across 13 types of
cancers. To evaluate the relationship between gene evolution and gene co-expression,
human microarray data has also been combined with microarray data from other species.
Jordan et al. [8] analyzed data from 63 human and 89 mouse microarray experiments,
revealing that genes with multiple co-expression partners evolve more slowly than genes
with fewer co-expression partners. Stuart et al. [2], using data of 29 experiments with
humans, fly, worm and yeast, showed some gene co-expression networks can be conserved
across wide lineages. The sample sizes of transcriptomic datasets in these co-expression
network analyses are usually in the tens or hundreds. Given that gene pairs may be
correlated in one set of conditions, but not under another, it can be difficult to extrapolate
from one experiment to another.
Most previous statistical analyses of transcriptomic data have combined statistics from
individual experiments [9]. However, pooling all the disparate samples together could
provide a dataset that would enable researchers to view behavior of a gene or groups of
genes across a wide variety of conditions. This could facilitate analyses of “fingerprint” of
gene expression corresponding to particular conditions. It also could enable a biologist to
better understand the genetic and environmental factors that are associated with expression
of particular genes. So better interpretation of gene co-expression relationships can be
obtained in the context of a larger background with a wide variety of developmental,
environmental, disease and genetic conditions.
It is our contention that for increasingly large datasets, the inter-experimental variation will
be minimized. Based on this assumption, and considering the significant advantage to
having a dataset with co-normalized samples, we leveraged the large quantity of publicly-
available transcriptomic data stored in ArrayExpress (http://www.ebi.ac.uk/arrayexpress/),
together with versatile bioinformatics software [10], to develop a global human co-
expression gene network (18637Hu-co-expression-network) based on co-normalization of
data form all samples in all experiments. Three methods were evaluated for their ability to
generate functionally cohesive clusters (regulons).
As proof of concept, we identified a regulon-based “fingerprint” associated with CNS-
related samples. Of the almost ten thousand samples of varied tissues, cultures, and
environmental conditions evaluated in the overall dataset, only those experiments involving
the CNS show a high expression of genes in Regulon 56, and this expression is independent
of disease state, environmental condition, or the region of CNS. The function of Regulon 56
genes in the CNS was cross-validated using a GO term overrepresentation test, a direct
visualization of transcript levels, and the literature. This proof of concept illustrates how this
global co-expression network can facilitate development of testable hypotheses about
function and connectivity among human genes.
Results
Software development
For efficient analysis at the intended large scale, software capabilities including rapid data
download, assessment of replicate quality, normalization, and text mining were required. To
implement such data download and processing in a tool that others can use, we added
functionality to the MetaOmGraph (MOG) software for omics data analysis [10]. The MOG
interface enables a researcher to designate criteria (e.g., species, organ, stress) to select
which experiments to download from the ArrayExpress Archive. From this data, MOG
Feng et al. Page 2
Chem Biodivers. Author manuscript; available in PMC 2013 July 15.
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
generates text files containing microarray gene expression data and XML files containing
metadata about the experiments and samples. MOG then normalizes the data, and creates a
symmetrical Pearson co-expression matrix for all genes on the microarray. At each step in
this process, a user is able to evaluate various aspects of data quality by determining
correlation of replicates, visualizing scatterplots of replicates, viewing information on
missing probe sets, and generating box plots. Samples can be automatically removed that do
not meet user-specified criteria for replicate quality or that have too many genes with
missing values. The software also automatically checks for replicates within each
experiment. In most cases, this automatic check gives accurate replicate assessment.
However, proper identification of replicates depends on the quality of the metadata
submission for each experiment. Thus, there is a second phase of manual examination. For
those experiments in which the metadata that describes sample replicates is confusing or
inaccurate, further manual replicate identification and quality control are required.
Data collection and processing to create the human co-expression network
Our goal was to obtain as much high-quality publicly available microarray data as possible
to derive a gene co-expression network. Data from over 800 experiments (around 40,000
Affymetrix HG U133A microarray chips) including expression levels for each probeset and
associated metadata describing experiments and samples were downloaded from the
ArrayExpress database using MOG software. Data from 21,900 chips/samples in
ArrayExpress had not been logarithm-transformed, and these were selected for possible
incorporation into our dataset. Samples with poorly correlated replicates or with multiple
genes with missing values were identified computationally and removed from the dataset
using MOG. After these steps, 18,637 samples with high-quality data remained (we refer to
these as the 18637Hu-dataset). Expression values for eight probesets that were consistently
too low for reliable quantification [1] were filtered from the co-expression network. Based
on this analysis, the genes corresponding to > 99.9% of the probesets on the Affymetrix HG
U133A microarray chips are significantly activated and expressed under at least some of the
diverse genetic, developmental, and environmental conditions represented in the public
dataset.
Regulons derived using MCL partitioning show more significant GS-scores than regulons
derived using K-means and H-cluster
Regulons are groups of highly co-expressed genes with similar biological functions. A
variety of clustering methods can be applied to find regulons to evaluate which methods
would be optimal for large-scale pooled microarray data. We compared three major types:
feature-based clustering (K-means), similarity matrix-based clustering (H-cluster), and
graph-based clustering (MCL) (Fig. 1).
To evaluate the computer-generated regulons generated by K-means, H-cluster, and MCL in
light of their possible biological significance, we determined the best matches of
overrepresentation of genes in Gene Ontology (GO) terms [1] [11] and metabolic and
regulatory pathways [10]. To calculate overrepresentation, we used a hypergeometric
distribution test [1] [12], followed by a Bonfferoni adjustment [13] [14] to compute adjusted
p-values for each regulon. Although GO terms or pathways are not perfect in interpreting
biological functions, they provide one of the few objective approaches that can be used to
evaluate the functional associations of groups of genes [1] [15]. For the analysis shown in
Fig. 2 and 3, pooled Arabidopsis microarray data was used [1]. This dataset has been highly
curated by biologists for gene annotation, and thus provides a particularly rich source of
metadata. Additionally, the computational time cost for the large amount of arrays in
18637Hu-dataset is very expensive. With these considerations, we used this smaller
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Arabidopsis dataset in determining an optimal clustering method and inflation factor for the
MCL clustering algorithm (described below).
We define the global significance score (GS-score) as the average of logarithm transformed
best adjusted p-values from GO term or pathway enrichment analysis for regulons or GO
terms (see methods). A lower GS-score generally represents a higher ratio of matched genes
in the regulons compared with the ratio of matched genes in the background. We used GS-
score to evaluate the global quality of regulons derived by K-means, H-cluster, and MCL
(Fig. 2). The MCL algorithm generates more functionally cohesive regulons than does K-
means and H-cluster; therefore, our subsequent analysis is based on MCL partitioning. We
further evaluated the global quality of MCL-derived regulons using two different
normalization methods: MAD and mean100 (see methods). MAD leads to a slightly lower
GS-score than mean100, which indicates that, in contrast to the selection of which clustering
methods to use for data analysis, which has a tremendous effect on results, the choice of
normalization methods has a much more minimal effect on the global quality (functional
cohesiveness) of regulons. Based on these results, we selected MAD normalization to
construct a human co-expression network (18637Hu-co-expression-network) and the MCL
clustering algorithm to generate regulons from this network.
Identifying an optimal inflation factor for MCL
The inflation factor is an important parameter regulating cluster granularity for the MCL
algorithm. Increasing the inflation factor will partition a co-expression network into more
subnetworks, and thus will increase the number of regulons and decrease their size of the
regulons. We tested the effect of seven inflation factors from 1.2 to 5 to partition the co-
expression network. GS-scores were calculated for seven sets of regulons corresponding to
seven inflation factors (Fig. 3). For each regulon, we permutated which genes were assigned
to that regulon 30 times, and calculated GS-scores for these 30 randomly-generated sets of
clusters. The minimal GS-scores for 30 randomly-generated sets of clusters at each inflation
factor point are shown in Fig. 3. All GS-scores for regulons derived from the experimental
data are orders of magnitude smaller than GS-scores of randomly-generated sets of clusters.
At inflation factors of 1.5 and 2.0, the differences in GS-scores between experimental data
regulons and randomly-generated clusters are maximized, which indicates an inflation factor
in the range 1.5 to 2 is optimal. Based on these data, we chose an inflation factor of 2.0 in
MCL to partition the 18637Hu-co-expression-network.
Identifying a correlation cutoff to build a co-expression network based on a Pearson
correlation matrix for the 18,637 HGU133A dataset
In order to obtain a correlation matrix for the 18637Hu-dataset, we calculated the Pearson
correlation for each possible pair of the 22,215 genes/probesets on the chip, using MOG
(detailed in methods). We refer to the resulting 22,215 × 22,215 symmetric Pearson
correlation matrix as 18673Hu-CorMatrix. In this matrix, all genes are connected to all other
genes with Pearson correlations between -1 and 1.
We consider that a highly correlated expression pattern between two genes indicates these
two genes are more likely to be co-regulated or functionally related [1] [16] [17]. To create a
co-expression network for the 18673Hu-CorMatrix, we evaluated the global topography of
the network density (Equation 5). This analysis was then used to determine a correlation
cutoff value that would optimize generation of locally dense regions. An analysis of the
density of networks derived from Pearson correlations cutoffs between 0.25 and 0.95 is
shown in Fig. 4. For each cutoff, only nodes (genes) that are connected with another node at
or above that cutoff are retained in the network. Network density depends on two variables:
number of nodes and number of edges, in Equation 5. With the increase of Pearson
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correlation cutoff, the number of edges decreases, and the number of nodes also decreases
because we removed isolated nodes (those not connecting with any other node). If all nodes
in a network are fully connected, the density will be 1. This approach considers that the
overall network density reflects how densely the nodes are linked in a graph [15] [18] [19].
Correlation densities of the networks derived from the 18673Hu-CorMatrix decrease with
increasing cutoff until reaching a minimum density at a Pearson correlation value of 0.7,
indicating that a network composed of genes with a Pearson correlation ≥ 0.7 would
maximize retention of locally densely connected subnetworks.
Regulons derived by partitioning the 18637Hu-co-expression-network show high intra-
regulon density and low inter-regulon density
Based on these analyses of the optimal Pearson correlation cutoff and inflation factor, we
constructed a co-expression network from the MAD-normalized 18637Hu-dataset using a
Pearson correlation cutoff of 0.7, and partitioned it using MCL at an inflation factor of 2.
Nodes with < 0.7 Pearson correlation to any other node were removed from the 18673Hu-
CorMatrix, yielding a co-expression network (18637Hu-co-expression-network) composed
of 2,695 nodes (genes) and 31,471 edges (co-expression values).
Application of the MCL algorithm to the18637Hu-co-expression-network yielded 359
clusters of genes based on overall co-expression of the genes across a wide range of
conditions. Forty of these regulons contained ten or more genes; the largest had 332 genes.
Of the 31,471 edges, only 7,201 (23%) interconnect regulons. In contrast, of the 2,695 genes
in the network, 1,317 (49%) are fuzzy, i.e., they form part of a regulon but also interconnect
(correlation ≥ 0.7) with genes in other regulons. An overall measure of the denseness of the
regulons is visually reflected in the global visualization of the network in the largest
component (naturally-connected subnetwork) of the 18637Hu-co-expression-network (Fig. 5
A). Fig. 5 B shows a similar plot for the regulon network of the largest 40 regulons; in this
plot regulons are represented as nodes, and the connections between two genes in different
regulons as edges. To compare the properties of inter-regulon connectivity to those of intra-
regulon connectivity, we calculated the intra-regulon and inter-regulon densities for the 40
regulons with 10 or more nodes (see Methods, Equations 5 and 6). The average intra-
regulon density is 0.31, whereas the average inter-regulon density is only 0.02, a further
indication that MCL clustering partitions the network into locally dense clusters.
The “degree” of a node in network terminology means the number of interactions this node
has with other genes. The largest component in the 18637Hu-co-expression-network
contains about 71% of the genes in the overall network. The degrees of all nodes were
determined for this largest component. A plot of the probability distribution of degrees (Fig.
5 C) shows the co-expression network displays a power-law connectivity property, which
indicates it has scale free connectivity and small world behavior. In small world networks,
the small fraction of genes with the greatest number of neighbors dominates the topology of
the network [22]. Interestingly, the corresponding plot for the regulon co-expression
network shows a similar power law connectivity distribution (Fig. 5 C). The slight shift to
the left of the gene co-expression network compared to the regulon co-expression network is
likely caused by greater size of the former (1,913 nodes in the biggest component of the
gene expression network compared to 223 nodes in the biggest component of regulon
network).
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GO term overrepresentation test and gene permutation analyses show the potential utility
of using regulons to associate genes that have similar functions or participate in the same
biological process
Many of the 359 regulons calculated from the 18637Hu-dataset are highly statistically
significant in regards to GO term overrepresentation. For example, 73 of the 193 genes in
Regulon 3 are classified as “structural constituents of ribosome”. Indeed, Regulon 3 contains
46% (73/159) of the genes in this GO classification; the adjusted p-value of Regulon 3 for
“structural constituents of ribosome” is 3.1 × 10−108. Other regulons with highly significant
adjusted p-values for cohesive functions include: Regulon 2, immune response; Regulon 4,
actin cytoskeleton organization; Regulon 5, DNA replication, cell cycle related genes;
Regulon 10, immunoglobulin; Regulon 11, mitochondrial electron transport chain; Regulon
12, organ development related genes; Regulon 15, muscle function; Regulon 18, oxidation
reduction related. The GO overrepresentation results for the 40 largest regulons are detailed
in (Table 1.).
Through gene permutation analysis, we further evaluated the statistical significance of the
MCL-derived human regulons by calculating GS-scores for regulons generated from real
data and from clusters to which genes had been assigned randomly. Specifically, we
compared the overrepresentation of GO terms in the 40 largest regulons experimentally
determined from the 18637Hu-dataset with the overrepresentation of GO terms in
randomized clusters of the same size distribution (Fig. 6). To do this, all the genes presented
in HGU 133A Affymetrix chip were randomly assigned to bins, maintaining the same
number of clusters and genes/cluster as in the set of 40 largest regulons determined from
experimental data. The best adjusted p-value was determined for each randomized cluster;
the number obtained by averaging the best p-values for the 40 clusters in the set (Equation
7) is referred to as the GS-score [1]. Two hundred and sixty eight such randomized cluster
sets were created and evaluated. The distribution of GS-scores is shown in Fig. 6. The GS-
score for the 40 regulons is significantly better than that of any of the randomized cluster
sets, indicating that the tendency of similar GO terms to be grouped in the same regulon is
not random, and further implies a biological significance for the regulons derived from the
18637Hu-dataset.
A closer view of two naturally connected regulons
An example of two interconnected regulons (Regulons 10 and 47) is shown in Fig. 7. The
intra-regulon density for Regulon 10 is 0.49, and for Regulon 47 is 0.5. In contrast, the inter-
regulon density is 0.006. The transcripts in Regulon 10 mostly do not correspond to single
geneIDs or annotated exons. But most of them are related to human antibodies or
immunoglobulins according to the Affymetrix annotation. The GO overrepresentation test
for regulons shows highest significance for GO term “antigen binding”, with an adjusted p-
value of 1.4 × 10−10. Two genes, CD19 and CD79A in Regulon 47, belong to the antigen
receptor mediated signaling [23] [24]. CD19, CD79B, POU2AF1, CD79A, and CD22 are
annotated by GO as being in the process of immune response. Regulon 47 has “B-cell
receptor signaling pathway” as the most significantly overrepresented GO term, with an
adjusted p-value of 3.5 × 10−5.
In the Regulon 47 sub-network, POU2AF1 and CD79A are co-expressed with IGHM in
Regulon 10, thus these 3 genes can be considered as fuzzy genes. These data suggest the
testable hypothesis that these three genes (POU2AF1, CD79A, and IGHM) work as a bridge
connecting the transcriptional events of human antibodies and the antigen receptor mediated
signaling pathway.
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The most densely connected regulon: 48 (metallothionein antioxidant genes)
The metallothionein antioxidant (MT) MT1 and MT2 genes are clustered on chromosome
16 [25] and are co-transcribed under many specific experimental conditions [26–28]. For
example, MT1A, MT2A, MT1E, and MT1X are similarly up-regulated by genistin and its
glycosides in HepG2 cells [26], MT1B, MT1E, MT1F and MT1H are reported to have
robust transcriptional response and be induced in histone deacetylase inhibitors (HDACi)
sensitive colon cancer cells [27], the transcription of MT1A, MT2A, MT1E, and MT1X are
induced after zinc pretreatment and sodium nitroprusside exposure [28]. A MT subnetwork
has been noted in a bioinformatics analysis by Huang et. al. [29], who determined that a
subnetwork constructed by five of these genes, MT1E, MT1F, MT1L, MT1H and MT1X,
has the highest recurrence of co-expression links across an analysis of 65 microarray
experiments; specifically, six links occurred among these five MT1 genes. This contrasts
with the fuller interconnectivity among the 8 MT genes in the more targeted experiments
[26–28].
To evaluate the inter-connectivity among MT genes across the over 500 experiments in our
large dataset, we evaluated the distribution of the MT genes in our gene co-expression
network and found that all eight are in a single regulon, Regulon 48. Indeed, Regulon 48
contains eight genes, each of which encodes one of the eight metallothioneins: MT2A,
MT1E, MT1M, MT1P2, MT1G, MT1H, MT1F, and MT1X. This is an isolated regulon (i.e.,
no genes within this regulon have a Pearson correlation of ≥0.7 with any other genes).
However, each of the eight MT genes is fully inter-connected with each of the others. The
average of 28 correlations within this regulon: 0.87 is much higher than the average of all
31,471 correlations in 18637Hu-co-expression-network: 0.75 (Fig. 8).
Proof of concept: utility of regulons in identifying molecular markers using two CNS-
related regulons as a case study
We have demonstrated the statistical significance of regulons in associating functionally
similar genes using GO overrepresentation tests (Table 1) and permutation tests (Fig. 6).
Here, the extremely large volume of microarray data we used enables us to evaluate the
possible usefulness and function of regulons by searching the meta-data in addition to GO
term overrepresentation study. The metadata associated with MOG includes the following
information: experiment name, biosource provider, cell type, clinical history, developmental
stage, organism, and organism part. We decided to try to identify a regulon that might play a
role in the central nervous system. Two regulons, 56 and 83, have been identified.
Regulon 56 is significant in a GO overrepresentation test with the best adjusted p-value
0.0008 for the GO term “axon guidance”, a biological process in neural development [30]
[31]; this indicates a function of Regulon 56 might be related to neurons. We checked the
expression pattern of genes in Regulon 56 across the 18637Hu-dataset and found high
expression in a number of samples (Fig. 9 A) all of which are related to the central nervous
system (CNS). Using text-mining functionality for filtering microarray chips based on
keywords in the metadata in MOG software, in combination with the experimental metadata,
we identified a broad subset of experiments relating to CNS-function. We selected 25 key
words associated with brain/CNS parts and brain/CNS diseases (e.g., Huntington,
neuroblastoma, glioblastoma) for this search, and grouped ~ 2,000 samples based on this
keyword search together. The expression values of genes in Regulon 56 are much higher in
most of the 2000 key-word based samples than in other samples in the dataset. We manually
read through the metadata for each of the 2000 keyword based samples, and found that some
of the samples did not represent the CNS. After filtering out these non-CNS samples, 1,278
samples (CNS-subset) remained (Fig. 9 B). We used the metadata to further classify this
CNS-subset according to disease, brain part, or cell line (Fig. 9 C).
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Interestingly, expression of Regulon 56 genes is lowest in these RNA samples isolated from
cell lines, such as glioblastoma cell lines, neuroblastoma tumor cell line (SH-SY5Y), and
neuroblastoma cell line IMR32 and SHEP-SF. (Fig. 9 C). This is likely a reflection of the
general dedifferentiation that cell lines undergo over generations in culture [26]. Regulon 56
genes are highly expressed in both neuronal and glial cells and tissues, regardless of disease
condition.
Thus, the results of meta-analysis of the large-scale microarray data imply that genes of
Regulon 56 are involved in CNS function. This finding is consistent with, and broadens,
previous understanding of these genes. All genes in Regulon 56 have either been shown
experimentally to be implicated in brain disease or function, or have been reported to be
specifically expressed in the nervous system.
Gliomas are tumors derived from glial cells from brain. Glioblastoma is the most aggressive
form (grade IV) of gliomas [32]. Astrocytoma specifies glioma tumors of an astrocytic
lineage, of which, again, glioblastoma is the most aggressive form [32]. In the CNS-subset
of samples, glioblastoma is separated from astrocytoma in order to distinguish the most
aggressive tumors (glioblastoma) from all others (less aggressive gliomas). The nascent
polypeptide-associated complex (NAC) alpha domain containing (NACAD) has been
reported to be associated with glioma [33]. GDF1 (growth differentiation factor 1), a
member of the bone mophorgenetic protein (BMP) family, is expressed in normal nervous
systems [34] [35]. Our data show that GDF1 is highly expressed in glioblastoma and
astrocytoma. Although no publication supports whether GDF1 is involved in glioblastoma
or astrocytoma, Yamada et. al. show that BMPs play a functional role in gliomas [35] which
may suggest that GDF1, as a member of BMP, is important for gliomas. In the CNS-subset
of transcriptomic data, the Tweety homolog 1 (TTYH1) transcript is almost absent in
neuroblastoma and pheocytoma samples, but highly expressed in gliomas; this finding
extends and is consistent with experimental results that indicate TTYH1 may be involved in
some aspect of glial-CNS signaling/regulation [36]. This obvious expression difference of
TTYH1 expression between glial brain tumors and a vast array of other types of brain
tumors and non-CNS-related tumors further supports the testable hypothesis that TTYH1 is
important in oncogenesis and progression of gliomas.
APLP1, a mammalian member of the conserved gene family encodes the amyloid precursor
protein (APP), which can be abnormally cleaved and forms the cerebral plaque associated
with Alzheimer disease [37]. Interestingly, transcript of APLP1 is also highly accumulated
in samples related to huntington, pheochromocytoma, and normal brain parts besides
Alzheimer samples (Fig. 9 C). This finding indicates the importance of post-translational
modification for the molecular function of APLP1.
Ephrin-B3 (EFNB3) interacts with other synaptic receptors to regulate synapse density and
the formation of dendritic spines [38], and has been reported to be highly expressed in
neuroblastoma [39]. The expression of EFNB3 is not as much exclusively expressed in
CNS-related samples as other six genes in Regulon 56. We observed that EFNB3 was also
highly expressed in Wilm’s tumor, Synovial sarcoma, and lung cancer cell line (Fig. 9 B),
which indicates the possible function of EFNB3 in cancerogenesis.
KIF5C (a member of kinesin family) has been designated as a motor neuron-specific
transcript [40]. KIF5C has higher mRNA accumulation in samples related to huntington and
lateral geniculate nucleus than other samples (Fig. 9 C).
HMP19, or protein p19, is designated as specifically expressed in brain and is involved in
dopamine receptor signaling [41]. Our results showed that HMP19 was highly expressed in
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neuroblastoma and fetal cerebrum samples in normal brain part (Fig. 9 C), which indicates
that HMP19 may be important to neuroblastoma and brain development.
The approach of combining meta-analysis results and meta-transcriptomic data is a powerful
tool to develop hypotheses about genes of unknown function. Regulon 83 genes, like those
of Regulon 56, are preferentially expressed in CNS-related samples. One gene in Regulon
83 (represented by probe set 213841_at) has no known function. Based on our finding that
this regulon is expressed in a CNS-preferential manner, we predict that this gene
(213841_at) is related to CNS function.
Discussion
In this study, we compute a mega human gene co-expression network using the huge
number of publicly available high-quality microarray chips in ArrayExpress. This network
derived from 18,637 samples provides a large background for gene co-expression analysis to
enable better understanding of the variation of gene expression and co-expression under tens
of thousands of different genetic conditions, developmental stages and environmental
perturbations. The meta-analysis combining multiple experiments in this study differs from
the traditional meta-analysis in which the summary statistics of single experiments are
combined in meta-analysis [9]. Instead, we derived a co-expression network based on co-
normalization of all samples before analysis. Statistical methods demonstrate the highly
significant functional cohesiveness of clusters obtained from this network. The importance
of this combined sample approach is that it facilitates cross-experimental comparisons for
hypothesis development.
In the course of this analysis, we have developed novel functionality within our preexisting
software MOG [10]. This software is publically available to researchers for use with a
variety of data-types. We have mined the experimental metadata in combination with the co-
expression network.
These studies demonstrate the utility of extending meta-analysis to data mining of large-
scale microarray data and text mining of the associated meta-data. Regulons 56 and 83
illustrate the concept of the combination of the data mining and metadata text mining to
elucidate CNS-related biology. In doing so, we compared data mining and text mining, with
results from biological experiments, revealing that the flow work of meta-analysis
developed in this study provides an effective approach to identify and enhance the
understanding of biologically meaningful groups of co-regulated genes.
The regulons described herein were derived from >18,000 samples and over 500
experiments, genes in a given regulon are highly co-expressed across many conditions;
Conversely, the regulons may not be highly correlated in subsets of the data. Regulons
derived from a small dataset designed to elucidate a particular topic are likely to differ
greatly from the global regulons derived in this study to reflect overall biology. Regulon 56
provides an example, in that genes in this regulon are highly expressed in CNS-related
samples as compared to the entire dataset, but these genes are not as highly correlated within
the subset of CNS-related related samples. Such subset could be further analyzed using the
MOG software.
In summary, these analyses indicate that the 18637Hu-co-expression-network and
corresponding regulons provides rich information for experimental biologists to design
experiments, interpret experimental results, and develop novel hypothesis on gene function.
Network based large-scale transcriptomic data analysis in combination with drill-down
analysis of specific experiments create a powerful approach in the study of a wide variety of
human diseases and conditions.
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Methods
Data download, initial normalization, and selection criteria for retention in final dataset
Data and metadata from over 40,000 Affymetrix HG U133A chips including over 800
microarray experiments at ArrayExpress were downloaded using MetOmGraph. We
identified 21,900 samples containing data that had not been pre-treated; these data were
selected for possible incorporation into the dataset. For each sample, data were normalized
to a mean of 100 [1]. All negative values were treated as missing values, and chips with over
1,000 probesets with missing values were discarded from the dataset. Replicate chips were
identified according to the hybridization name given in the sdrf files at ArrayExpress. Some
experiments provided incomplete or unclear metadata, requiring us to manually identify
technical replicate samples to guarantee replicate accuracy. Replicates were removed if the
correlations among them were less than 0.86. After these steps, high quality data from
18,637 chips remained.
Low expression genes, defined as probesets whose expression values were less than the
mean value of 100 across all assays [1], were identified by and removed, resulting in the
removal of 8 probesets in the network analysis. Control probesets were removed before
normalization.
Data normalization and gene-pair Pearson correlations
Logarithm base 2 transformation was performed on all data. We designate xoij to represent
the original expression signal value of probeset i in sample j. For all samples, we did median
centering as per Equation 1:
(Equation 1)
xmij is the log2 transformed and median centered expression signal value. Then, the median
absolute deviation (MAD) based scale normalization method was applied to scale the data
[1]. The expression signal values on sample j were multiplied by the scale factor C/MADj. C
and MADj are defined as following:
(Equation 2)
(Equation 3)
When calculating the Pearson correlation for a pair of genes, all missing values and negative
values were not considered for both genes. The formula of Equation 4 was then used to
calculate the Pearson correlation between pairs of genes. The Pearson correlation matrix
calculated by this method using 18,673 Samples is denoted as 18673Hu-CorMatrix. The
human co-expression network (18637Hu-co-expression-network) described in this paper is
based on 18673Hu-CorMatrix.
(Equation 4)
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The 18673Hu-CorMatrix can be calculated by MOG if the computer has enough memory.
MOG has default heap size of 512 Mb. The heap size of MOG was set to 2,048 Mb due to
the large volume of microarray datasets. A Mac computer with a 2.8 GHz Intel Core 2 Duo
processor takes about 6 hours to finish the calculation of the 18673Hu-CorMatrix.
Network density
The density of a network is defined as number of edges in a network divided by the number
of all possible edges [15], described in the following equations.
(Equation 5)
In Equation 5, N is the number of the nodes within the regulon, and E is the number of edges
within the regulon.
(Equation 6)
Here, N1 and N2 are the numbers of nodes in two regulons. The number of edges between
two regulons is denoted as E. The density of inter-regulons defined by Equation 6 is based
on that the number of N1 multiplying N2 is the maximal possible edges between two
regulons.
GS-scores for evaluation of the global significance of regulons
A hypergeometric distribution test was applied to calculate the p-value for the
overrepresentation of each regulon by GO terms or pathways, or each GO term or pathway
by regulons [1] [42]. We define the global significance scores (GS-scores) in Equation 7.
(Equation 7)
Here, n is the number of regulons, GO terms or pathways. The minimal p-value: Pmin j is the
best adjusted p-value for overrepresentation of jth regulon by the best matched GO term or
pathway, or jth GO term or pathway by the best matched regulon.
Removal of duplicate probesets
In some cases, several probesets correspond to the same gene in the HG U133A array
(http://www.affymetrix.com). However, these probesets might represent the transcriptional
variants of the gene, and may be translated into different proteins to perform different
molecular function due to the complexity of mRNA splicing in human. If the Pearson
correlation between the experimental values for the duplicate probesets is larger than 0.9, we
consider the probesets are redundant and only one should be retained as a representative for
the gene. According to the technical notes of Affymetrix Company, a probeset annotated
with a “_x_” suffix might hybridize with transcripts other than the one being intentionally
measured. So if a probeset designated with an “_x_” suffix and a probeset without an “_x_”
suffix both represent a single gene, and the Pearson correlation between co-expression of
these is more than or equal to 0.9, we choose the probeset without “_x_” suffix to represent
the gene. If the probesets for a gene all have an “_x_” suffix, we will choose the one having
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biggest interquantile range (IQR) value. If the probesets for a same gene are all not with
“_x_” suffix, we retain all the probesets. This processing results in 295 nodes (probesets)
being removed from the network.
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Fig. 1.
Flowchart for deriving regulons from large amounts of transcriptomic data. Microarray
transcriptomic data from over 40,000 chips and associated metadata were downloaded using
MetaOmGraph software (MOG). After data clean-up, normalization, and creation of a
pairwise similarity matrix for all genes, K-means, H-cluster, and MCL clustering methods
were applied to derive regulons (red arrows). The quality of the resultant regulons was
evaluated by GO term or pathway enrichment analysis, metadata text mining, and literature
search. Based on the low GS scores of the MCL derived regulons (Fig. 2) and further
parameter optimization (Fig. 3 and 4), the 18637Hu-co-expression-network partitioned by
MCL was selected for a proof of concept analysis.
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Fig. 2.
Global significance scores (GS-scores) of regulons derived using hierarchical-cluster (H-
cluster), K-means, and Markov chain algorithm (MCL). The co-expression network was
partitioned by H-cluster K-means, and MCL as detailed in Fig. 1 using median absolute
deviation (MAD) normalized data. GS-scores were used to compare overrepresentation of
regulons derived from MCL using data normalized by two methods: MAD and mean100. A
lower GS-score indicates a higher relative ratio of functionally related genes in the regulons
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Fig. 3.
GS-scores from experimental data and gene permutation tests at inflation factors from 1.2 to
5. An inflation factor of 2 maximizes the difference between GS-scores of experimental data
and the gene permutation tests. BP (biological process from Gene Ontology); MF (molecular
function from Gene Ontology).
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Fig. 4.
Density of the human transcriptomic co-expression network vs. Pearson correlation. A
symmetrical Pearson correlation matrix was derived from the18637Hu-dataset. After
filtering edges of the network with correlations less than the indicated Pearson correlation
cutoff value, and removing isolated nodes, the resultant 18637Hu-co-expression-network
retains locally dense connections. Network density is defined as the number of connections
in the network divided by the possible number of connections in the network. Based on this
analysis, to maximize locally dense connections, a Pearson correlation cutoff of 0.7,
corresponding to the minimal density of the network (red arrow), was selected to construct
the 18637Hu-co-expression-network.
Feng et al. Page 17
Chem Biodivers. Author manuscript; available in PMC 2013 July 15.
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
Fig. 5.
Human co-expression network.
(A) Gene to gene co-expression network (18637Hu-co-expression-network). The biggest
connected component is shown. Nodes represent genes and edges represent co-expression
(Pearson correlations ≥ 0.7). This figure provides a visual depiction of the 18637Hu-co-
expression-network.
(B) Regulon to regulon co-expression network. Regulons from the 18637Hu-co-expression-
network are represented as nodes, and the connections between genes in different regulons
as edges (Pearson correlation ≥ 0.7). The 40 largest regulons contained in (A) are shown.
Density is determined by Equations 5 and 6 (Methods). Regulon numbers, assigned in
descending order of regulon size (genes/regulon), are written within nodes. This figure
provides a visual depiction of regulon to regulon co-expression network.
(C) Number of neighbors versus size distribution for the gene co-expression and regulon
networks. Both networks show power-law connectivity distribution, indicating that the co-
expression network and the reduced regulon networks are both small-world networks.
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Fig. 6.
Statistical evaluation of MCL clustering. The GS-score here represents the mean of 40 log-
transformed best adjusted p-values for the most overrepresented Gene Ontology (GO) terms
in biological process branch corresponding to the 40 experimentally-based regulons with 10
or more gene members (red arrow). The GS-score for regulons derived from experimental
data (red arrow) is compared to the analogous values for 268 randomly generated sets of 40
clusters (histogram). The GS-score of regulons from experimental data is better than any of
the randomly obtained clusters. BP: biological process.
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Fig. 7.
Naturally connected regulons. Regulon 10 is almost entirely composed of immunoglobulins,
and the Regulon 47 contains predominantly genes associated with immune signaling
pathways. The three genes highlighted by blue circles are fuzzy genes connecting Regulon
10 with Regulon 47. These genes could inform hypotheses by biologist about the genes
important in integration of immunoglobulins and immune signaling. Edge color from yellow
to red continuously maps to a Pearson correlation from 0.7 to 1.
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Fig. 8.
Regulon 48: metallothionein antioxidant genes. This highly dense regulon contains all eight
of the metallothionein (MT) antioxidant genes in the human genome, and these are fully
connected with high correlation. This analysis extends our understanding of the global
interconnectivity of the metallothionein antioxidant genes. Edge color is continuously
mapped to a Pearson correlation from 0.7 to 1.
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Fig. 9.
The microarray signal of genes in Regulon 56 across 18,637 HGU133A chips, and within
the subset of the 1,278 CNS-related chips. Analyzed and visualized using MetaOmGraph
(MOG) software. The MOG software and associated human co-expression data is publicly
available at (http://metnet.vrac.iastate.edu/MetNet_MetaOmGraph.htm). This global
analysis using interactive software illustrates the potential of visualization of regulons in the
context of a large transcriptomic network derived from high quality co-normalized data for
hypothesis development.
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Table 1
Predominant physiological function of the 40 largest regulons as determined by analysis of overrepresentation
of GO terms.
Regulon # of genes in
regulon Postulated physiological function Best adjusted p-value*
1 332 Plasma membrane part 8.7 × 10−7
2 203 Immune response, signal transducer activity 2.2 × 10−35
3 193 Structural constitute of ribosome, translation elongation 1.5 × 10−140
4 120 Regulation of actin cytoskeleton organization, protein binding 2.9 × 10−11
5 95 DNA replication, cell cycle process, cell division, protein binding 3.4 × 10−51
6 84 Cell adhesion, extracellular matrix, cytoskeleton organization and biogenesis 2.0 × 10−9
7 69 Proteasome complex, anaphase-promoting complex-dependent proteasomal
ubiquitin-dependent protein catabolic process, threonine-type endopeptidase activity 2.2 × 10
−9
8 48 Not clear, protein amino acid phosphorylation 1,5 × 10−2
9 46 Cell communication, signal transduction, immune response, T-cell receptor complex 2.2 × 10−16
10 39 Immunoglobulin, antigen binding, immune response 1.4 × 10−10
11 36 Mitochondrial inner membrane transporter, oxidation reduction, respiratory electrontransport chain, nucleotide metabolic process 6.6 × 10
−29
12 35 Organ development, development process, lymphocyte mediated immunity, iontransport, cell adhesion, extracellular organization and biogenesis 1.0 × 10
−19
13 27 Nuclear part, macromolecular complex assembly, mRNA transport, protein importinto nucleus, biopolymer biosynthetic process 2.8 × 10
−8
14 25 GTPase activity 1.6 × 10−4
15 24 Muscle cell development, muscle contraction, regulation of muscle contraction 1.2 × 10−24
16 22 Immune response, defense response 2.8 × 10−5
17 19 Sphingolipid catabolic process, lysosome, vacuole 1.6 × 10−5
18 18 NADH dehydrogenase activity, oxidation reduction, phosphorus metabolic process,purine nucleotide metabolic process, mitochondrial envelope 2.4 × 10
−24
19 16 NADPH metabolic process, polyamine metabolic process, V-type ATPase 2.7 × 10−5
20 16 Oncosis, nuclear part 2.4 × 10−3
21 15 Regulation of transcription 4.2 × 10−3
22 15 Not clear, nitrogen fixation 3.7 × 10−3
23 14 RNA splicing, splicesomal complex, nuclear speck 4.2 × 10−7
24 14 Response to cAMP, negative regulation of myeloid cell differentiation, regulation ofgene expression, methylation, transcription, protein kinase cascade 4.7 × 10
−7
25 14 Not clear, pentose-phosphate shunt, non-oxidative branch 5.5 × 10−3
26 14 Cysteine-type endopetidase activity, protein kinase cascade, PML body 2.1 × 10−4
27 14 MHC class II protein complex, antigen processing and presentation 1.3 × 10−24
28 12 Vesicle coating_mRNA splicing, transportation 3.8 × 10−4
29 12 RNA splicing, spliceosomal complex, nuclear speck 1.8 × 10−11
30 12 Nuclear speck 1.4 × 10−4
31 12 Not Clear, polytene chromosome 4.7 × 10−3
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Regulon # of genes in
regulon Postulated physiological function Best adjusted p-value*
32 12 Calcium-independent cell-cell adhesion, cell-cell junction 8.2 × 10−7
33 11 Cell cycle, negative regulation of ligase activity 2.0 × 10−7
34 11 Protein export from nucleus, splicesomal snRNP biogenesis, ribonucleoprotein
complex 2.3 × 10
−5
35 11 Translation 1.6 × 10−5
36 11 UDP catabolic process, MLL5-L complex 1.0 × 10−3
37 11 Response to hormone stimulus 8.9 × 10−4
38 11 Axon target recognition, neuron projection 4.7 × 10−6
39 10 mRNA processing, RNA splicing, nuclear body 3.0 × 10−8
40 10 Gene expression, U2 SnRNP 2.0 × 10−3
*
Best adjusted p-value is the term for the lowest adjusted p-value associated with the most overrepresented GO term among all GO terms. The p-
value adjustment is implemented using the Bonfferoni method, in R package “GOHyperGAll” [12].
Chem Biodivers. Author manuscript; available in PMC 2013 July 15.
